Abstract-Since reform and opening up to the outside world, rapid industrialization and urbanization in China have played an important role in the increase of energy consumption. China became the second energy consumption country all over the world in 2008. As a big country in energy consumption, forecasting energy consumption is one of the most important tools for energy policy setting. Although there are many researchers has devoted into the relationship between energy and economy, the forecasting of energy consumption is still in its infancy. In this paper, economic indictors, such as real GDP, population, industrial structure, import and export, and government expenditure, are selected as input influencing factors on energy consumption, and then it is performed to find proper features from the data in terms of their statistical information. And then a novel forecasting model of energy consumption, LS-SVM regression prediction model, is presented. In the end, the case study is carried out to test the proposed model, which shows that it has many promising features that make it become a more reliable yet functional prediction tool for forecasting energy consumption.
INTRODUCTION
Energy is one of important resources to human survival and growth. The growth of economics has been closely linked with the availability, extraction, distribution and use of energy [1] . Throughout the history of the development of human society, the energy problem has been always the vital problem for governments at all levels to formulate economic development strategies and policies. Since the reform and the opening to the outside world, rapid industrialization and urbanization in China have played an important role for energy consumption. The Chinese economy has achieved an average growth rate of 12% from 1979 to 2007, which makes China one of countries with fastest growth rate. Meanwhile, aggregated primary energy consumption has increased largely. According to the data from National Energy Administration, China became the second energy consumption country all over the world in 2008 with 70.2% coal, 18.4% petroleum, 3% natural gas and 8.4% primary electricity. With the rapid economic development, the energy demand has zoomed in recent years, which makes the gap between energy supply and demand become more and more serious. As a net energy importing country since 2006, our energy importing reliance increases gradually, so the accurate estimating of its energy demand is critical in energy policy-making. Although many researches are interested in studying energy consumption forecasting in other countries and regions, there are only a few literatures on energy consumption prediction in china, which makes research space in this field. Then the relative studies on energy consumption have strong realistic and theoretical significance.
So far, some soft computing techniques, such as artificial neural network (ANN), genetic algorithm and art colony optimization, autoregressive integrated moving average model (AIMAM), generalized autoregressive conditional heteroskedasticity (GARCH) and its extended models, etc, have been estimated national energy demand or sectional energy demand. Reference [2] established a forecasting model based on GA to estimate Turkey's transport energy demand. Reference [3] used ANN method to forecast South Korea's national energy demand. Reference [4] used GA method to estimate Turkey's energy demand based on economic indicator, such as GDP, population and import and export figures of Turkey. Reference [5] adopted ant colony optimization approach to estimate energy demand in Turkey based on economic indicators, such as GDP, population and import and export. Reference [6] used ARIMA method to forecast primary energy demand of Turkey. Reference [7] used the exponential form of the GARCH to predict energy demand of Taiwan. Every forecasting method has its advantages and at same time, has some weakness. For example, due to its self-studying and self-adapting ability, ANN has achieved comprehensive application in foresting, but the calculation speed of the neural network method is slow.
In the last decade, SVM, developed by Vapnik and his colleagues in 1995, has been introduced for pattern recognition and regression problems. These SVM algorithms have solid theoretical foundation rooted in statistical learning theory and been applied into many fields, including in energy demand forecasting [8] . As the algorithms have been applied widely, some problems of standard support vector machine appear. In detail, its modeling process involves a quadratic programming problem, but such QP problem is time consuming. To overcome this shortcoming, Least Squares Support Vector Machines (LS-SVM) have been proposed, which converts the inequality constraints of original SVM into equality ones. And this leads to solving a linear system instead of a QP problem, whose convergence performance is enhanced obviously.
There are many influencing factors on energy consumption in one country. On the whole, the energy demand relates to many factors, among which are mainly gross domestic product (GDP), population, energy structure, industrial structure, government expenditure, etc. The goal of study is to provide a more reliable forecasting model of primary energy consumption using a novel machine-learning algorithm based on least squares support vector machines (LS-SVM), which is a relatively new and powerful machine-learning algorithm widely applied in regression, pattern classification, and other relative fields [9] .
The structure of the paper is the following: Section II provides an introduction to LS-SVM regression forecasting model; Section Ⅲ offers the case study using the real-world data; Finally, Section IV presents the main conclusion and suggestions for future research.
II. LS-SVM FORCSTING MODEL

A. Data description
Similarly as previous achievements [3] [4] [5] [6] [7] , real GDP (10 2 million yuan), population (10 4 ) are regarded as influencing factors in this paper.
As to industrial structure, we select the ratio of the tertiary sector to GDP (in percentage terms), which can affect primary energy consumption by the change of the tertiary sector.
Reference [10] provided some evidence and found that an increase in government expenditure in China leads to an increase in energy intensity.
Therefore, in this paper, government expenditure (10 2 million yuan), standing for the total government expenditures on final goods and services which includes investment expenditure by the government, etc, is also an influencing factor. Imports (10 2 million yuan) and exports (10 2 million yuan) are also influencing factor, because we can know the industulization and economic situation in China from these data.
All the data from 1990-2008 can be collected from China Statistical Yearbook. Real GDP, government expenditure, imports and exports are all converted according to the constant price of 1978.
B. Facror analysis on influencing factors
In the fields of data processing, statistical characteristics have special effects to denote data. For example, mean value reflects the average level of samples. And standard variance is often applied to express the centrality and the deviation from the mean value of the samples. Such characteristics fit for denoting Gaussian variables. In other words, if some variable is not Gaussian, mean value and standard variance may only represent part, not the whole of data characteristics. Moreover, many real variables are not Gaussian, some are approximately Gaussian, and some are far from that. So in this paper, higherranked statistical characteristics are introduced to illustrate the data tendency latent in the original influence factors of energy consumption.
On the whole, higher-ranked information includes skewness, kurtosis, and so on. Supposing x is a continuous variable, its kurtosis can be defined as below. where μ is the mean value of x. σ is the standard deviation of x. Here to examine the properties of primary energy consumption, the higher-ranked statistical characteristics of the influencing factors are listed in TABLE I. From TABLE I, we find that all of influencing factors of primary energy consumption are sub-Gaussian. Generally speaking, combining skewness with kurtosis, these indicators show non-Gaussian properties, so we don't need to eliminate Gaussian or Gaussian-like noises. From influencing factors and samples, the number of samples is small, compared with six influence factors. Therefore, it forms a typical Gaussian nonlinear regression under the condition of small samples. LS-SVM shows good performance in forecasting under the condition of small samples. If we use neural network method, we need 10 times samples.
C. Regression forecasting by LS-SVM
In this part, the regression analysis on the expected aggregated energy consumption and its influencing factors are performed by Least Squares Support Vector Machines to accomplish the forecasting modeling. 
. Possible kernel functions are, e.g.:
•Linear kernel
where Mercer's condition holds for all possible choices of the kernel parameter. The aggregated energy consumption regressor is then constructed as follows:
In this way, the mapping relationship of energy consumption and its influencing factors are obtained.
III. EMPIRICAL WORK
In this section, we present experimental results on the proposed model based on LS-SVM for robust forecasting of aggregated primary energy consumption. And the real data of aggregated primary energy consumption of China from 1990 to 2008 are applier to test the forecaster. The forecasting procedure includes three steps.
1) First step
According to the proposed model, we will observe the higher-ranked statistical information of the influencing factors on primary energy consumption. The computed statistical data are listed in TABLE I, from which we find that the six influencing factors are all sub-Gaussian. But, if combining skewness with kurtosis, we will find they all shows nonGaussian properties. But under the condition of small samples and six influencing factors, LS-VSM is an effective forecasting method. And all influencing factors have more obvious characteristics. That is consistent with the foregoing quantitative analysis.
2) Second step
Here LS-SVM is trained by the expected energy consumption and their influencing factors. In this paper, the Gauss kernel function is selected as kernel function and the corresponding parameters are determined by cross-validation method. The relative forecasting results are illustrated in TABLE II, from which we can find good performance of the proposed model.
3) Performance criteria
After the regression forecasting model is trained, we should select criteria to test performance of the proposed model. Reference [11] told us that the criterion used to select the most appropriate model is to maximize the goodness-of-fit using the simplest model or combination of models. We select the absolute percentage error (APE) and the mean absolute percentage error (MAPE) are used, which are defined as, % 100
where i E is the real energy consumption, * i E is the predicted value of i E by using the proposed model and N is the number of years in the predicting period. The smaller the APE value and MAPE value, the closer are the predicted values to the actual values.
At the beginning, the adjustment of parameters is somewhat large to find the optimal baseline of the parameters. After that, each change in parameter is small. This process continues until all MAPE from test results are less than the acceptable error. In this paper, the accepted error range should be 5% or so.
IV. CONCLUSION
In this paper, economic indicators, such as real GDP, population, gross exports, gross imports and government expenditure, are selected as influencing factors. A novel forecasting model of energy consumption, LS-SVM regression prediction model, is presented, which makes a full of use of higher-ranked statistical information of input influencing factors to perform factor analysis. Although, all the influencing factors shows sub-Gaussian characteristics, if combining skewness with kurtosis, we will find LS-SVM is an effective method to forecast energy consumption under the condition of small samples and many influencing fators. From the forecasting results, we can conclude that the proposed model of LS-SVM shows promising features to become a more reliable yet functional prediction tool for forecasting energy consumption. 
